The use of remote sensing technology to diagnose heavy metal stress in crops is of great significance for environmental protection and food security. However, in the natural farmland ecosystem, various stressors could have a similar influence on crop growth, therefore making heavy metal stress difficult to identify accurately, so this is still not a well resolved scientific problem and a hot topic in the field of agricultural remote sensing. This study proposes a method that uses Ensemble Empirical Mode Decomposition (EEMD) to obtain the heavy metal stress signal features on a long time scale. The method operates based on the Leaf Area Index (LAI) simulated by the Enhanced World Food Studies (WOFOST) model, assimilated with remotely sensed data. The following results were obtained: (i) the use of EEMD was effective in the extraction of heavy metal stress signals by eliminating the intra-annual and annual components; (ii) LAI df (The first derivative of the sum of the interannual component and residual) can preferably reflect the stable feature responses to rice heavy metal stress. LAI df showed stability with an R 2 of greater than 0.9 in three growing stages, and the stability is optimal in June. This study combines the spectral characteristics of the stress effect with the time characteristics, and confirms the potential of long-term remotely sensed data for improving the accuracy of crop heavy metal stress identification.
Introduction
Heavy metal pollution in farmland not only destroys the normal function of the soil and hinders crop growth, but also endangers human health through the food chain [1] [2] [3] . According to relevant statistical information, the amount of contaminated grains is up to 12 million tons in China every year [4] . Because of the serious threat to the quality of agricultural products and the sustainable development of agriculture, accurate and rapid monitoring of heavy metal pollution has become a topic of critical importance [5, 6] .
The use of satellite remote sensing data to monitor a wide range of heavy metal pollution in farmland has become an important technical method [7] . The current monitoring of heavy metal pollution stress in crops using remote sensing technology is based mainly on the physiological and biochemical characteristics induced by heavy metal stress and the corresponding spectral response [8] [9] [10] [11] . For example, some experiments have revealed that heavy metal stress leads to decreases in the chlorophyll content and reflectivity in the near infrared wavelength bands, an increase in the reflectivity in the red wavelength bands, and a red edge blue-shift [12] [13] [14] . However, the growth mechanism of crops under external stress is complex, and other environmental stress factors (e.g., pests and diseases, nutrient stress, and water stress) may have the same effect on crops [15] , resulting in similar spectral variation characteristics. These limitations are larger when identifying heavy metal stress based only on stress spectral response parameters. For instance, a sensitive method to extract heavy metal stress from multifarious environment stressors is essential for exploring the features that can truly characterize crop heavy metal stress.
Various factors may cause stress on crop growth in the complex farmland ecosystem. These environmental stress factors can be divided into volatile factors (such as pests and diseases, moisture, climate anomalies, and nutritional stress) and stable factors (such as heavy metal stress and salt stress) for crops [16] . For a given region, stable factors persist for a certain period of time, and it is uncertain whether a volatile factor exists or not. The characteristics of heavy metal contaminants include poor migration ability, degradation resistance, and irreversibility in the soil [17] . Thus, heavy metal stress exists during the entire crop growth cycle and has a consistent long-term influence on growth. The effect of heavy metal stress on crop growth in different years is thus similar. Other stressors are affected by diverse factors such as climate, planting habit, and management conditions [18] with distinct interannual changes often existing in one or several growth cycles of crops. These stressors show volatility and are short-acting within the year and on interannual cycles. For example, rice stripe disease and rice planthopper damage occur in the seedling and booting stages, respectively [19, 20] . In light of the stable interannual variation of the influence of heavy metal stress on crops, heavy metal stress can be effectively distinguished from other stressors by continuous monitoring of crops on a long time scale.
Ecophysiological changes of crops under environmental stress can be characterized by damage to a series of photosynthetic apparatuses [21, 22] . Leaf Area Index (LAI) is a key physical quantity that characterizes the growth status of vegetation and is an indispensable parameter to describe plant photosynthesis and material energy exchange. Previous research has employed LAI to indicate the morphological and color changes of crops and to monitor the heavy metal stress of crops through the band response characteristics of visible light to shortwave infrared [23] [24] [25] [26] . Therefore, LAI can be used as a valid indicator for monitoring the crop stress.
Currently, it is difficult to use remote sensing technology to directly estimate the LAI with long time resolution. The World Food Studies (WOFOST) model can achieve the dynamic simulation of LAI with a one-day time step through assimilating with remotely sensed information [4, 27, 28] . When the physiological functions are at the optimal state, the crop growth curve of LAI can be simulated by potential growth level under non-stress conditions [15] . Crops experience environment stress if suboptimal growth conditions cause their crop physiological functions to decline from their physiological standard [29] , and the amplitude of the LAI signal will be dampened once the crops suffer stress. The total stress information is hidden in the reduced amplitude, including heavy metal stress and other stress information. In consequence, the amplitude of the LAI signal on stressed rice is the subtraction of the intrinsic growth signal of the crop and total stress signal. The LAI time series can thus be considered to contain three types of information: the inherent growth tendency, persistent environmental stress (heavy metal stress), and other stressors.
Thus, in this study, we extracted the rice heavy metal stress signal feature by using a decade of remotely sensed data. By focusing on the difference in stress effects at different time scales for various environmental stress types, the LAI time series simulated by the enhanced crop growth model (WOFOST) was decomposed to three kinds of signals through Ensemble empirical mode decomposition (EEMD). After getting rid of some other stress and crop innate growth signals, the remaining signal containing heavy metal stress information was extracted. Finally, we explored the features that can characterize the heavy metal stress accurately and evaluated its stability. These three analyses are the main objectives of this paper. This paper provides a reliable method using long time-series remote sensing data for accurate identification of heavy metal stress in crops, which could be further applied in the precise monitoring of heavy metal stress.
Study Area and Data

Study Area
The study area is located in northern Zhuzhou (Hunan Province, China). The area is located in a humid subtropical monsoon climate zone with sufficient light intensity and with an annual average temperature of 15.5 • C-25 • C. The annual precipitation is 1250-1500 mm. This province hosts non-ferrous metals; rare metal mining and smelting operations are concentrated in the Xiangjiang River Basin. In addition, a significant amount of industrial waste water is discharged into the surrounding environment, causing severe heavy metal contamination of water and the soil. Two experimental sites adjacent to the Xiangjiang River, labeled A and B in Figure 1 , were selected for study. On the basis of soil sample analysis, the average contents of Cd, Hg, and Pb in the soil were greater than the corresponding background value for soil heavy metal concentration. And therefore, the concentrations of main heavy metals including Cd, Hg and Pb at these two sites are shown in Table 1 . The soil and the stress rates in sites A and B were determined as high and medium levels of heavy metal stress, respectively. 
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Data Preparation
The climatic conditions of Zhuzhou City during the crop growing period include a lot of cloudiness, rain, and fog, thus, the use of a single remote sensing data source will result in abundant missing data. Previous research reported that although Landsat 5 and Landsat 7 differ in calibration accuracy, the response rate difference of TM (Thematic Mapper) and ETM+ (Enhanced Thematic Mapper Plus) is less than 0.02 [30] . The study [31] has concluded that the two sensors of Landsat 7 and Landsat 8 can be used together under normal circumstances because of their similarities, which shows the feasibility of using combined data to analyze time-series information even though some differences exist between them. Therefore, images of Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 OLI (Operational Land Imager) complement each other. All cloudless Landsat images for the entire growth season of June to September during 2007-2016 were obtained from the United States Geological Survey (http://glovis.usgs.gov/). These were used to retrieve the Normalized Difference Vegetation Index (NDVI), which is the best indicator of vegetation growth status and vegetation coverage. In 2010, however, cloud pollution and restricted space coverage resulted in few effective cloud-free Landsat images in the study area, multi-sensor observations of the HJ-1 CCD and Landsat 8 OLI have been used to compensate for the spatial deletion of LAI synthetic products [32] . We thus acquired HJ-1 CCD data from the Resource Satellite Center website (http://www.cresda.com/CN/) to supplement the missing images. Table 2 shows the situation of selected images at sites A and B for a 10-year period. The parameters of the satellite sensors which were employed are shown in Table 3 . Considering the differences in radiation performance and band setting, spatial position, atmospheric condition, and other factors, we preformed preprocessing work such as cross-radiation calibration among sensors and geometric and atmospheric correction. The atmospheric correction of the images was processed by the FLAASH (Fast Line-of-sight Atmospheric Analysis of Hypercubes) modeling tool in the ENVI (The Environment for Visualizing Images) software (Exelis Visual Information Solutions, United States). Geometric correction of the Landsat 5, Landsat 8, and CCD images was completed using the stratified registration method based on the Landsat 7 image captured on 31 July 2007. This was conducted with an RMSE (Root Mean Square Error) of 0.5 pixels to eliminate registration errors. To be consistent with the Landsat data, CCD time series images were re-projected to the UTM (Universal Transverse Mercator)-WGS84 projection. Such measures are prerequisites for efficient use of long-term, multi-sensor remotely sensed data. The meteorological data applied in this study includes daily maximum and minimum air temperature and the daily actual hours of sunshine. The data for 2007 to 2013 were acquired from Zhuzhou weather station, and those for 2014 to 2016 were downloaded from the China Meteorological Data Sharing Service System. These data were transformed into solar radiation as a climatic input parameter for the enhanced WOFOST model [33, 34] .
Methods
Simulating LAI Time Series by the Enhanced WOFOST Assimilated with Remotely Sensed Data
In order to convert discontinuous remote sensing information into time-continuous crop information, the assimilation technique and the enhanced WOFOST model were combined to dynamically monitor the time continuity of the growth parameters. The WOFOST model is a process-based quantitative analysis model which can obtain the continuous growth parameters of the stressed crops. To do so, it quantitatively simulates the distribution of roots, stems, leaves, and storage organs (seeds), in addition to the daily growth status of crops in the growing process [4, 27, 35] . Two important indices corresponding to physiological function variations, including photosynthesis and dry-matter formation, were incorporated into the enhanced WOFOST model [15] . The input parameters of the enhanced WOFOST model were climate, soil, and crop data. In addition to the data previously obtained, the LAI was also used for assimilation in calibrating the stress factors. The empirical model based on actually measured data and spectra have been validated effectively to invert LAI using NDVI [4] , with the following formula:
where x is the value of NDVI and y is the value of LAI. We conducted a supervised classification of the images of two plots in each phase and retrieved the NDVI for paddy field pixels ( Figure 2a ). The input LAI was calculated from the average NDVI value of rice pixels at two sites. The enhanced WOFOST model was then used to simulate the decadal (2007-2016) rice stress response parameters LAI. The long-term series curve of LAI was then obtained on a time scale, after integrating the decade of simulation results ( Figure 2b ). 
Ensemble Empirical Mode Decomposition
To extract the heavy metal stress signal in our experiment, we used Ensemble Empirical Mode Decomposition (EEMD, Figure 2c ), which is a method of signal analysis similar to Fourier transform and Wavelet transform. Based on Empirical Mode Decomposition (EMD) introduced by Wu and Huang [36] , EEMD is a noise-assisted data analysis method that is able to effectively analyze nonlinear and non-stationary signals. The EMD time-frequency analysis method was proposed by 
To extract the heavy metal stress signal in our experiment, we used Ensemble Empirical Mode Decomposition (EEMD, Figure 2c ), which is a method of signal analysis similar to Fourier transform and Wavelet transform. Based on Empirical Mode Decomposition (EMD) introduced by Wu and Huang [36] , EEMD is a noise-assisted data analysis method that is able to effectively analyze nonlinear and non-stationary signals. The EMD time-frequency analysis method was proposed by Huang in 1998 [37] . The signal decomposed by EMD generates modal aliasing when a jump occurs in the time scale. This led to the development of EEMD, which adds white noise to the signal to be decomposed and utilizes the characteristics of the zero mean of Gaussian white noise to effectively solve the aliasing phenomenon and retain the real signal [36, 38] . In the EEMD method, fluctuation and trend information contained in the original data on different time scales is expressed as the sum of Intrinsic Mode Function (IMF) satisfying the Hilbert transform requirement and the residual function [37] . Each IMF represents information from the original data on different scales, and the residual signal represents the trend. EEMD can also be applied to represent the signal density and intensity in frequency; in this study, however, we focus mainly on the variation trend at different time scales. The advantage of EEMD is that it does not behave like Fourier analysis and wavelet analysis, which rely on the selection of the basis function. Rather, each of its resolution parameters can impersonally determine its meaning, and we can obtain the selected constituent.
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There are studies illustrating that the LAI time series can be decomposed into three modes and a residual of different scales by means of EEMD, including intra-annual, annual, and inter-annual [39] [40] [41] . The intra-annual mode with high frequency has high time resolution and low frequency resolution, which reflects the details of the signal and can detect a transient phenomenon entrained in the signal. This anomaly is related to the volatility and shortness of other environmental stressors, so other environmental stressors are contained in the high frequency components of the signal, whereas the high frequency component contains not only the anomaly information but also the noise information induced by various environmental factors. The crucial characteristic of the inherent trend of crop growth is that it has a regular cycle. For the parameter of crop growth, there are usually oscillations with one peak in a year. Thus, we considered the annual mode with a one-year period stable cycle as the inherent trend. In addition to intra-annual and annual modes, heavy metal stress information was included in the remaining signal (Figure 2d ). On the basis of the above, we introduced the intra-annual mode (IMF1-4) on behalf of some short-term stress. The steady change observed every year after removing the noise is the inherent On the basis of the above, we introduced the intra-annual mode (IMF1-4) on behalf of some short-term stress. The steady change observed every year after removing the noise is the inherent trend, i.e., the annual mode (IMF5). The inter-annual mode and residual contain heavy metal stress (LAI d ) (Figure 3) . Therefore, we used EEMD to acquire the components of the signal containing heavy metal stress information to enable further extraction of the heavy metal stress feature.
Extracting Stable Features of the Rice Heavy Metal Stress
Derivative spectral analysis is a method which can be used to reduce the influence of background noise such as that from the soil. This improves the signal-to-noise ratio and the correlation between the enhanced spectral parameters and biochemical composition [42] [43] [44] . Some studies have derived the vegetation index, and other signs of vegetation attribute data, to extract the signal of sudden changes in the vegetation [45, 46] . The first derivative of the NDVI time curve indicates the rate of change of the phenology [47] . The IMF is related to the frequency of the spectral reflectance [41] , and the other noise information in the isolated heavy metal stress information is relatively gentle when compared to the change in stress information. Therefore, we believe that the use of derivative technology can further eliminate the influence of the low-frequency components and remove the interference from other backgrounds to more effectively preserve the characteristics of heavy metal stress. The time series curves of LAI d were derived to show the slope of the curve, i.e., its rate of change (Figure 2e ) using the following formula:
where the value of LAI d f is the first derivative of LAI d , LAI dt is the value at previous phase and LAI dt+1 is the value at later phase, ∆DOY is the interval between the previous phase and later phase, here ∆DOY is 1 as the daily LAI can be simulated by the enhanced WOFOST.
To quantify the performance of signal stability, the similarity between the annual signal curves was evaluated with the coefficient of determination, which was computed by:
where y ai and y bi are the values of the two signals being compared, y a and y b are the average values of the two signals. N is the number of days. R 2 ranges from 0 to 1. The higher the R 2 value is, the more similar the signal curves, and the better the stability of the signal.
Results
Decomposition of LAI Time Series
On the basis of EEMD, the LAI time series was decomposed into three main componentsintra-annual, annual, and interannual-as well as a residual. The standard deviation of the Gaussian white noise added in the EEMD (Nstd) and the number of times the noise was added (NE) were used to determine the decomposition effect. The Nstd range is 0.01-0.4; we chose increments of 0.01, 0.05, 0.1, 0.2, and 0.3 for adding NE 50 and 100 times. The experiment revealed that regardless of the number of additions when Nstd was the same, the decomposition results were similar. Therefore, we set NE to 100 times.
Because the annual trend of crop growth is essentially constant for ten years, the experiment was conducted using several prepared Nstd values according to a benchmark of the coefficient of determination (R 2 ) of the annual component among the ten years. The value with the highest correlation was chosen as the Nstd used in this study. Table 4 illustrates the coefficient of determination of the annual component from year to year after setting up the different parameters. When the value of Nstd was 0.3, the average R 2 reached 0.927, and the relationship was at its closest. What's more, the p value was less than 0.05 and the correlation was prominent. Therefore, 0.3 was selected as the most appropriate Nstd value for our decomposition. The analysis is based on p < 0.05. * is the eliminated data where p > 0.05 and the correlation is quite low. Nstd: The standard deviation of the Gaussian white noise added in the EEMD; NE: The number of times the noise was added in the EEMD.
After EEMD decomposition the LAI time series produced ten (IMF1-9 and a residual) compositions, respectively. According to the analysis in the method, three kinds of signals were extracted; the signal of IMF1-4 in the LAI time series with high fluctuation frequency, the changes during the year, and interannual changes which were highly irregular. The intra-annual component is the green line in Figure 4 . The signal of IMF5 in the LAI time series is the annual component, the variation trend of which is one cycle per year (black line in Figure 4 ). The analysis is based on p < 0.05. * is the eliminated data where p > 0.05 and the correlation is quite low. Nstd: The standard deviation of the Gaussian white noise added in the EEMD; NE: The number of times the noise was added in the EEMD.
After EEMD decomposition the LAI time series produced ten (IMF1-9 and a residual) compositions, respectively. According to the analysis in the method, three kinds of signals were extracted; the signal of IMF1-4 in the LAI time series with high fluctuation frequency, the changes during the year, and interannual changes which were highly irregular. The intra-annual component is the green line in Figure 4 . The signal of IMF5 in the LAI time series is the annual component, the variation trend of which is one cycle per year (black line in Figure 4 ). The rest of the signals are the interannual component and residual (orange line in Figure 4 ). In this way, the acquisition of the three kinds of signals helps us to peel off the other stress information and separate heavy metal stress signals.
Elimination of Transient Stressors and Noise
The intra-annual component for the entire growth period of the decade is shown in Figure 5 , with the exception of 2007 and 2016, the signal for 2008-2015 fluctuated frequently throughout the whole growing process. Table 5 lists the R 2 values of the signal across the ten year period for each growth stage (June (tillering stage), July (booting stage), August (flowering stage), and September (ripening stage)). The range of average R 2 values was from 0.268 to 0.360. The lower R 2 demonstrated that they had low similarity, and thus that stability was not strong.
The rest of the signals are the interannual component and residual (orange line in Figure 4 ). In this way, the acquisition of the three kinds of signals helps us to peel off the other stress information and separate heavy metal stress signals.
The intra-annual component for the entire growth period of the decade is shown in Figure 5 , with the exception of 2007 and 2016, the signal for 2008-2015 fluctuated frequently throughout the whole growing process. Table 5 lists the R 2 values of the signal across the ten year period for each growth stage (June (tillering stage), July (booting stage), August (flowering stage), and September (ripening stage)). The range of average R 2 values was from 0.268 to 0.360. The lower R 2 demonstrated that they had low similarity, and thus that stability was not strong. The noise from other environmental factors that were present can cause long-term fluctuations in the signal, so the fluctuations for the years from 2008 to 2015 may be the result of noise. Conversely in 2007 and 2015 the signal frequency is lower compared to other years, and the vibration amplitude is larger. This probably results from transient stress, such as moisture, pests, and diseases, because the impact on rice from these factors relative to the environmental factors is more obvious. The conclusions drawn from the analysis are that the intra-annual component can be proven to be unstable signals containing transient stressors and noise. Figure 6 displays the contrast of the annual component and the LAI time series for healthy rice simulated with the enhanced WOFOST. In general, there were oscillations with a peak in the whole growth period, and their trajectories were characterized by similarity. Table 6 shows the R 2 between LAI time series for healthy rice and the annual signal at both sites A and B. At site A, despite the abnormal trend in the years of 2016 and 2007, the average R 2 reached 0.853; the average R 2 at site B was 0.754 and the R 2 in 2016 is also not high enough. In general, the LAI time series on healthy rice is relatively highly correlated with the annual signal. The results verified that the annual component was able to reveal the signal response to the rice's inherent growth trend. Figure 6 displays the contrast of the annual component and the LAI time series for healthy rice simulated with the enhanced WOFOST. In general, there were oscillations with a peak in the whole growth period, and their trajectories were characterized by similarity. Table 6 shows the R 2 between LAI time series for healthy rice and the annual signal at both sites A and B. At site A, despite the abnormal trend in the years of 2016 and 2007, the average R 2 reached 0.853; the average R 2 at site B was 0.754 and the R 2 in 2016 is also not high enough. In general, the LAI time series on healthy rice is relatively highly correlated with the annual signal. The results verified that the annual component was able to reveal the signal response to the rice's inherent growth trend. 
Exclusion of the Inherent Growth Trend of Rice
Acquisition of Stable Features of Rice Heavy Metal Stress
By eliminating the above two kinds of components, the heavy metal stress information remains in the sum of the inter-annual component and the residual (LAI d ). To further exclude the interference from other low frequency signals and extract the stable heavy metal stress feature, the LAI df time series was obtained through the first derivative processing to LAI d . These LAI df were compared in the four growing periods (Figure 7) . The growing trend in June and July and the reducing trend in August and September were relatively stable during the 10 years of change. Nevertheless, in 2011 and 2014 there were abnormal change trends of LAI df showed by both sites A and B in July. 
By eliminating the above two kinds of components, the heavy metal stress information remains in the sum of the inter-annual component and the residual (LAId). To further exclude the interference from other low frequency signals and extract the stable heavy metal stress feature, the LAIdf time series was obtained through the first derivative processing to LAId. These LAIdf were compared in the four growing periods (Figure 7) . The growing trend in June and July and the reducing trend in August and September were relatively stable during the 10 years of change. Nevertheless, in 2011 and 2014 there were abnormal change trends of LAIdf showed by both sites A and B in July. We conducted a stability analysis from two aspects. On the one hand, the analysis of the R 2 values for the LAIdf signal in each growth period across the ten years is shown in Table 7 . We can see that the LAIdf signal has high similarity apart from in July; the similarity is at its best in June at both sites A and B and the stability is relatively strong. On the other hand, because the LAIdf sequences were close to the linear trend in the four growth periods each year, their linear fitting was used to analyze their trend discrepancy. The fitting precision in addition to some of the abnormal values were found to be relatively high by experiment, indicating that this method more reliably denotes the dynamic. The slope ratios of each line fitting equation (LAIdfs) reflect the dynamic situation of the LAIdf. Table 8 compares the standard error of 10-year LAIdfs in different growth periods. We conducted a stability analysis from two aspects. On the one hand, the analysis of the R 2 values for the LAI df signal in each growth period across the ten years is shown in Table 7 . We can see that the LAI df signal has high similarity apart from in July; the similarity is at its best in June at both sites A and B and the stability is relatively strong. On the other hand, because the LAI df sequences were close to the linear trend in the four growth periods each year, their linear fitting was used to analyze their trend discrepancy. The fitting precision in addition to some of the abnormal values were found to be relatively high by experiment, indicating that this method more reliably denotes the dynamic. The slope ratios of each line fitting equation (LAI dfs ) reflect the dynamic situation of the LAI df . Table 8 compares the standard error of 10-year LAI dfs in different growth periods. The results show the fluctuant magnitude of the LAI dfs across the 10 years. The fluctuations of the LAI dfs for the decade were both minimal in June regardless of the site. In summary, it is concluded that the stability of trend of the LAI df was most obvious in June. It is possible that the LAI df was less sensitive in other periods, and the stability was thus not prominent.
The dynamics of LAI dfs for sites A and B over the entire growth phase are shown in Figure 8 . The LAI dfs at site A reached the zero point in August, and site B reached zero in July. The results demonstrate that the overall dynamic of LAI df throughout the growing season at site A was similar to that at site B: the trajectories appeared to grow first and then fall as a whole, and all showed a peak during July to August. Based on the above analysis, the LAI df of ten years has an equivalent variation trend both in the whole growth period and in each of the growing stages. This indicates that LAI df can be regarded as a stable feature to represent the rice heavy metal stress signal. The results show the fluctuant magnitude of the LAIdfs across the 10 years. The fluctuations of the LAIdfs for the decade were both minimal in June regardless of the site. In summary, it is concluded that the stability of trend of the LAIdf was most obvious in June. It is possible that the LAIdf was less sensitive in other periods, and the stability was thus not prominent.
The dynamics of LAIdfs for sites A and B over the entire growth phase are shown in Figure 8 . The LAIdfs at site A reached the zero point in August, and site B reached zero in July. The results demonstrate that the overall dynamic of LAIdf throughout the growing season at site A was similar to that at site B: the trajectories appeared to grow first and then fall as a whole, and all showed a peak during July to August. Based on the above analysis, the LAIdf of ten years has an equivalent variation trend both in the whole growth period and in each of the growing stages. This indicates that LAIdf can be regarded as a stable feature to represent the rice heavy metal stress signal. 
Discussion
The EEMD method for extracting the heavy metal stress signals in rice based on long time series LAI was presented. The reasonable characteristics of heavy metal stress were produced using a first derivative operation. The LAIdf had a good stability in the four growth periods and for the full growth process. This was supported by the coefficient of determination, the standard deviation statistic and trajectory analysis for LAIdf, which indicated that the EEMD is a reliable means to extract the heavy metal stress signal.
The peak of the LAIdf indicates that the change rate of LAId is maximal at this time only under heavy metal stress. LAId can be regarded as the reduced magnitude of the curve of the LAI time series in rice under heavy metal stress relative to non-stressed rice. In other words, the effect of stress on the crop growth. During the vigorous vegetative growth period, the growth center is the growth and development of vegetative organs. Studies have shown that heavy metal pollution in this period can cause serious damage to the chloroplast such as the dissolution of the membrane system of the chloroplast [48] [49] [50] [51] [52] . Thus, the inhibitory effect on rice growth induced by heavy metal stress will get 
The EEMD method for extracting the heavy metal stress signals in rice based on long time series LAI was presented. The reasonable characteristics of heavy metal stress were produced using a first derivative operation. The LAI df had a good stability in the four growth periods and for the full growth process. This was supported by the coefficient of determination, the standard deviation statistic and trajectory analysis for LAI df , which indicated that the EEMD is a reliable means to extract the heavy metal stress signal.
The peak of the LAI df indicates that the change rate of LAI d is maximal at this time only under heavy metal stress. LAI d can be regarded as the reduced magnitude of the curve of the LAI time series in rice under heavy metal stress relative to non-stressed rice. In other words, the effect of stress on the crop growth. During the vigorous vegetative growth period, the growth center is the growth and development of vegetative organs. Studies have shown that heavy metal pollution in this period can cause serious damage to the chloroplast such as the dissolution of the membrane system of the chloroplast [48] [49] [50] [51] [52] . Thus, the inhibitory effect on rice growth induced by heavy metal stress will get faster. Later, owing to the rapid increase in crop biomass, the heavy metal content in the crop will be subjected to a large degree of dilution, and the performance of heavy metal stress begins to weaken. Therefore, it is possible that during July to August, the maximum inhibition of photosynthesis was reached during the vigorous growth period; the change rate of the effect of heavy metal stress at this stage reached the maximum; and LAI df also reached its maximum.
It could be argued that in contrast to the trajectory of LAI df over the ten years, there are two years with abnormal readings in July. One reason for this is that, relative to the other three months, this period does not have a very clear stable trend. The trend in this stage also exhibits greater uncertainties. Moreover, the trend inconsistencies are most likely to result from sensor inconsistencies (e.g., orbital drift or defective corrections) or between-sensor inconsistencies (e.g., historic processing differences or differences in sun-target-sensor geometry) [39] . The combination of multi-source sensor data has an effect on the retrieved LAI, which as the input parameter of the enhanced WOFOST; ultimately has influence on the simulation results of the LAI. Another reason may be that the LAI df is not stable enough on the scale of the month; this can be further verified by selecting other indicators, which in the case of other conditions remain unchanged. All of these factors contribute to the broader uncertainties associated with the LAI df . In general, even though the performance of LAI df in July is not particularly desirable, the trend of change over the 10 years was relatively stable. The LAI df can still be used as a stable feature to reveal the rice heavy metal stress.
This study is based on the discrepancy between the stress features at different time scales; thus, we accessed the dataset from 2007-2016. The land use type of the study area during the 10 years showed little difference and the heavy metal stress in the study area is dominant status because of the potential hazards. Therefore, the extent of crop stress by heavy metals can be regarded as a constant factor. However, the retrieved LAI was calculated from the obtained rice pixels through supervised classification in the region, which can produce some error. In addition, the LAI values of the study area were averaged at each phase, and the number of rice samples in the past decade changed, which could have also had an effect on the results. The influencing factors of the enhanced WOFOST assimilation model are weather parameters and crop parameters. Our 10 years of meteorological data were obtained from a weather station. Owing to the small range of the study area, the variation in weather conditions did not lead to uncertainty, however, it is necessary to consider the regional distribution of climate data if this method is to be applied on a large regional scale [15] . For the EEMD decomposition model, different parameters affected the results of the decomposition, therefore, uncertainty exists in the screening process. Moreover, if the origin signal is not properly de-noised beforehand, then the noise involved in decomposition increases the number of layers of decomposition. Unnecessary decomposition layers cause error and cumulative errors, which reduces the accuracy of signal decomposition [53] . However, the choice of different de-noising methods before the signal is input will produce effects of varying degrees for the original signal, and the results of the decomposition will also vary in performance. The LAI time series was not properly de-noised prior to decomposition in our experiment. Although these errors and uncertainties exist, it does not mean that the features we acquired from the experiment are not exact. The characteristics of the heavy metal stress signal we obtained are, to some extent, stable.
For the obtained rice heavy metal stress signal features, the stability is still insufficient. We can further explore whether other indicators can better characterize heavy metal stress based on the proposed method. We can establish a comprehensive index of some indicators to improve the stability; and more accurately assess the rice characterization results from the differences in stress levels. The determination of a comprehensive evaluation index and the establishment of an evaluation model of heavy metal stress are topics for our future research.
Conclusions
This study describes a new concept of extracting stable heavy metal stress features and provides a research method for accurate remote sensing identification of heavy metal stress in crops. In this paper, we used the EEMD approach to extract rice heavy metal stress signals based on multi-year remote sensing data and excavated the varying features of heavy metal stress signals. The change trends of the LAI df that characterize the heavy metal stress in the whole growth period were similar, and were also consistent in each growth period. The stability of the LAI df response to rice heavy metal stress can be best evaluated in June.
In summary, according to differences in temporal characteristics presented by all types of stress effects, the method of EEMD can effectively be used to identify rice heavy metal stress. The LAI df manifests as a stable heavy metal stress feature and well embodies the desired meaning: the influence of heavy metal stress on rice growth. This study provides a scientific basis for remote sensing monitoring of crop environmental stress. The EEMD method combined with the stress mechanism, stress parameters, and stress time effects can promote the accuracy of crop heavy metal stress monitoring.
